1
H NMR) spectroscopy has been used to study changes in chemical characteristics of biological fluids such as CSF, serum, and urine (9) . Pattern recognition with multivariate analysis is a chemometric technique. We hypothesized that pattern recognition of 1 H NMR spectroscopy data would distinguish the characteristics of CSF obtained from patients with acute encephalopathy, complex febrile seizures, and simple febrile seizures.
RESULTS
The mean age of patients did not differ among the groups, nor did cell number, total protein, or total sugar content of the CSF (Table 1) . NMR spectra of CSF did not visually differ across the three groups. The partial least squares discriminant analysis (PLS-DA) score plot is shown in Figure 1a . Each dot represents an individual sample. Factors 1 and 2 were calculated by PLS-DA algorithm using all 22 sets of 1 H NMR spectral data. The three patient groups clustered separately on the plot.
Principal components analysis (PCA) is a mathematical procedure that uses orthogonal linear transformation of data to convert possibly correlated variables into uncorrelated primary components. Unlike principal components analysis, which maximizes the variance in a single data set, PLS maximizes the covariance between two data sets by seeking linear combinations of variables from both sets. PLS-DA is a classical PLS regression (with a regression mode), but the response variable is categorical, i.e., indicates the classes/categories of the samples. PLS-DA is often used for classification and discrimination problems (i.e., supervised classification). Factor 1 explains as much of the variability in the data as possible, and factor 2 explains as much of the remaining variability as possible. Only the factors that explain the most variance are retained. The score plot for factors 1 and 2 gives information about the NMR data and summarizes the variation of the data.
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Factor 1 captured 31% of the variance in NMR data and factor 2 captured 10%. Together, these two factors described 41% (31 + 10%) of the variance in NMR data.
Each PLS-DA score plot has a correlation-loading profile that helps assign the spectral regions responsible for the clustering and separation. Corresponding correlation loadings are shown in Figure 1b for factor 1 and in Figure 1c for factor 2, in which the horizontal axis represents the chemical shift and the vertical axis represents the degree of contribution.
The results of the calibration vs. cross-validation analysis are as follows: acute encephalopathy factor 1: the root mean square error for the calibration (RMSEC) = 0.385, the root mean square error for the cross-validation (RMSECV) = 0.407, R 2 value for the explained-variance plot for the calibration data set (R These results strongly suggest that a variety of molecules are related to the differential pathophysiology of acute encephalopathy and febrile seizure, rather than a single substance.
Children with focal and prolonged febrile seizures are more likely to have abnormalities on magnetic resonance images than children with simple febrile seizures, suggesting that the underlying abnormality may predispose the former group of patients to a low seizure threshold (18) . Long-term studies have revealed that a history of simple febrile seizures is associated with decreased hippocampal volume and increased T 2 relaxation time more than 15 y after the seizure (19) .
Score plots generated using PLS-DA can provide a visual representation of information-rich NMR data by means of dimensionality reduction (20) . A score plot shows clustering of biological samples into groups. The closer the samples are in the score plot, the more similar they are with respect to the two components. The plot can be used to interpret differences and similarities among samples. In the current study, the variance was 31% for factor 1 and 10% for factor 2. Factor 1 contributed to separations according to the severity of seizures, and factor 2 contributed to separations between acute encephalopathy and febrile seizures. These combined attributes explained 41% of the variance.
It is helpful to look at the score plot together with the corresponding correlation-loadings plot when determining which variables are responsible for differences between samples. The horizontal axis on the correlation-loadings plot represents original variables, and the vertical axis represents the degree and direction of contribution that influences the separation of scores on the score plot. The higher the loading of a particular variable onto a factor, the more it contributes to that factor. Positive and negative values of loadings have an opposite power to separate plus or minus direction on the score plot.
In this study, differences in the chemical characteristics of CSF of patients with acute encephalopathy, complex febrile seizures, and simple febrile seizures were visualized using PLS-DA of NMR data. The CSF samples used were obtained at admission when definite clinical diagnosis had not been confirmed. NMR spectroscopy of biofluids such as urine and plasma has been successfully applied to investigate a wide range of diseases and toxic processes (9) . Standard one-dimensional NMR spectra typically take only a few minutes to acquire and do not require complex sample preparation. NMR data obtained from CSF contain a variety of chemical information including molecular changes, intermolecular forces, structural changes, and metabolic changes. In this clinical study, the three groups of patients were separated without overlap in the score plot created using NMR data. We validated the discrimination model to estimate how well it would perform on new data; however, the quality of the model evaluated by RMSEC, RMSECV, R 2 C , and R
CV
was not sufficiently high.
In conclusion, we used pattern recognition analysis of 1 H NMR data to visualize different characteristics of CSF obtained from patients with acute encephalopathy and simple and complex febrile seizures. The number of cases used in this study was small, and further research is required.
METHODS
Definition of Acute Encephalopathy and Febrile Seizures
Acute encephalopathy is a generic term for acute brain dysfunction usually preceded by infection (1,2). As such, we did not exclude infection-related encephalopathy in this study. Criteria for the diagnosis of encephalopathy were as follows: (i) impaired consciousness, (ii) signs of increased intracranial pressure due to brain edema, such as loss or decreased gray-white differentiation of cortex, hypodensity of thalamus, compressed size of third, fourth, and lateral ventricle, cistern in brain computed tomography image (21), (iii) seizures, (ov) slow activity on electroencephalography lasting more than 24 h after acute onset, and (v) no bacteria or fungi on CSF culture (1, 2, 8) . Simple febrile seizures were defined as primary generalized seizures that lasted for less than 15 min and did not recur within 24 h. Complex febrile seizures were defined as focal seizures that were prolonged (≥15 min) and/or recurrent within 24 h (22).
Subjects
The study was performed on CSF samples obtained from patients with convulsion at the Department of Pediatrics, Nippon Medical School Chiba Hokusoh Hospital from 1 October 2003 to 31 December 2009. CSF samples were obtained from nine children with complex febrile seizures, nine children with simple febrile seizures, and four children with acute encephalopathy. Diagnosis was made by at least two pediatric neurologists based on clinical findings and routine examinations. Indeed, we also do not perform lumber puncture in all children with simple febrile seizure as well as admission. According to the Guideline for the Neurodiagnostic Evaluation of the Child With a Simple Febrile Seizure by Subcommittee on Febrile Seizures (22), we performed the lumbar puncture in the children with simple febrile seizure who were suspected to have meningeal signs and symptoms (e.g., neck stiffness, and Kernig and/or Brudzinski signs) or in any child whose history or examination suggests the presence of meningitis or intracranial infection. In case of meningitis, we excluded the NMR analysis in this study.
All samples were collected for routine diagnostic tests immediately after hospitalization, and the remaining portion of the samples was used for 1 H NMR analysis. The Institutional Review Board of the Articles Nippon Medical School Chiba Hokusoh Hospital approved the collection and investigation of samples, and written informed consent was obtained from the parents or legal guardians of all subjects.
The final diagnosis for four children with acute encephalopathy was as follows: two cases with acute encephalopathy with biphasic seizures and late reduced diffusion, one case with acute encephalitis with refractory, repetitive partial seizures, and one case with acute necrotizing encephalopathy of childhood (1).
Sample Preparation
All samples were centrifuged at 300g for 5 min to remove cells. Cellfree humoral fractions were divided into aliquots, immediately frozen on dry ice, and stored at −80 °C until further analysis. CSF ( H NMR spectra were acquired automatically at a probe temperature of 23 °C using the macro program in the Delta system for automatic measurement. The observation range of the NMR signal was 5,580 Hz. The water resonance was suppressed using a conventional presaturation pulse sequence for the water (HDO) proton signal suppression based on homo-gated irradiation and DANTE pulse sequence (presaturation time = 2 s, DANTE pulse = 8 μs, DANTE interval = 0.1 ms, DANTE loop = 185, DANTE attenuator = 24 dB). Carr-PurcellMeiboom-Gill spin-echo spectra were measured using a spin-echo loop time of 19.2 ms, a relaxation delay of 2.0 s, and 400 transients.
Data Processing and Reduction
The resultant spectra were processed using Alice2 (version 5.5; Jeol Resonance). Free induction decays were subjected to an exponential weighing function of 0.2 Hz, Fourier transformed from the time to the frequency domain, and then phased manually, followed by linear baseline correction and referencing to the TMSP singlet at 0.00 ppm.
The signal intensity distribution of 1 H NMR spectral data was calculated for each sample using a macro program written within Alice2 for Metabolome software (version 1.0; Jeol Resonance) that integrated the spectral data between 0.5 and 9.5 ppm into 225 segments (bins) with 0.04-ppm integral regions. Spectral regions containing resonances of residual water (4.5 to 5.0 ppm) were excluded before integration. Close inspection of the important integral regions for pattern recognition identified some cases where one resonance straddled two or more integral bins, and these integral regions were corrected by manually combining or extending the regions to include one resonance in a single integral region. Other regions that largely consisted of noise were excluded to produce more significant multivariate mapping. Finally, all spectral data were reduced into 174 bins.
Multivariate and Statistical Analysis
The calculated data obtained from each spectrum were normalized and imported into Unscrambler X software (version 10.3; Camo Software AS, Oslo, Norway) for PLS-DA. The details of the PLS-DA algorithm using Unscramber X software (23) have been described previously (24) . In brief, PLS-DA with cross-validation was performed to investigate the relation between different classes. PLS models use both the x-and y-matrices simultaneously to find the latent variables in x that best predict y. In other words, PLS-DA was performed to sharpen the separation between groups by rotating components of principal components analysis with the goal of finding maximum separation. In this study, PLS-DA was performed between the spectral profiles of the three groups of patients (acute encephalography, simple febrile seizures, and complex febrile seizures). The PLS-DA score plot has a correlation-loading profile that indicates the spectral regions contributing to the sample clustering and separation. The horizontal axis in the correlation-loading profile represents the spectral regions, and the vertical axis represents the degree of contribution.
Cross-validation was used as a statistical method of evaluating and comparing learning algorithms by dividing data into two segments: one used to learn or train a model and the other used to validate the model. To evaluate the quality of the model, the root mean square error was calculated for the calibration samples (RMSEC) and for the cross-validation samples (RMSECV). To estimate the goodness of fit for future predictions using a defined number of factors, the R 2 value was calculated for the explained-variance plot for the calibration data set (R 2 C ) and the explained-variance plot for the validation data set (R
CV
). Patient demographic characteristics were compared across groups using a Kruskal-Wallis H-test with Bonferroni correction, and significant differences were investigated using Mann-Whitney U-tests.
